ABSTRACT The state of energy (SoE) is a critical indicator for energy management in supercapacitor (SC) energy storage systems. The estimation accuracy of the SoE relies on the model fidelity, which means that the model parameters are required to be identified online to mitigate the aging effect. However, since the SC model is naturally nonlinear and high dimensional, it is typically difficult to identify the model parameters online. To address this issue, in this paper, we propose a generalized extended state observer (GESO) for SC SoE estimation based on an online identified model. A nonlinear mathematical model for SC is established based on the three branch equivalent circuit models, where the model parameters are online estimated with a designed modified recursive least square. A GESO is designed to estimate the SoE of SC in real time. A laboratory test bed has been built to verify the effectiveness of the proposed method. The experiment results show that the proposed method provides a better SoE estimation accuracy than the existing methods.
I. INTRODUCTION
In recent years, supercapacitors (SCs) have received increasing attention as electrical energy storage elements in many applications, such as public transportation [1] , renewable energy system [2] and hybrid vehicles [3] . In these applications, it is necessary to estimate the state-of-energy (SoE) of supercapacitors precisely in order to determine the remaining energy of supercapacitors [4] . Moreover, the SoE is also a critical indicator to determine how much energy to be charged to maximize capacity utilization, and to protect supercapacitors from being overcharged. Therefore, the SoE estimation is of significant importance for supercapacitor energy storage systems.
It is worth noting that another commonly adopted indicator is called state-of-charge (SoC) [5] . It is defined as the available electric charge in percentage, and calculated in the form of current integration. SoC is usually adopted as the energy status for Lithium-ion batteries due to their stable voltage property [6] . However, the voltage of a supercapacitor varies with the remaining available energy. The energy indicator SoE, which considers both current and voltage, is more appropriate to determine the energy status in a supercapacitor [7] . SoE is defined as a ratio of remaining energy to the energy of its full capacity. It is nonlinear with the current due to the power loss on the internal resistor and the electrochemical reactions. Accurate SoE detection requires a supercapacitor model with high fidelity. While supercapacitor is intrinsically nonlinear and high dimensional, the accurate SoE estimation is of practical significance to be addressed.
There have been studies of SoE estimation for both battery and supercapacitor in the literature [8] , [9] . The existing SoE estimation methods can be classified into three categories: power integral method, data-driven method and observer-based method. The power integral method is a classical SoE estimation method, that has been widely used in the industrial practice [10] . Lin et al. [11] proposed a power integral method to estimate the SoE by taking the dynamic load into consideration. It is model-free and easy to be implemented, while providing a relatively low estimation accuracy. The data-driven method, such as neural network algorithm [12] and Bayesian learning technique [6] , can effectively handle the nonlinearity of the model and provide a high estimation accuracy. However, the datadriven method requires a lot of training data and is typically computationally-expensive.
The observer-based SoE estimation method has been widely explored due to its good tradeoff between the estimation accuracy and the complexity. Kuperman et al. [7] proposed a SoE estimation approach through the calculation of instantaneous power according to the charging/discharging condition. Reichbach and Kuperman [13] utilized the least square technique to estimate the supercapacitor SoE in real time. Yang and Zhang [14] used a linear capacitance instead of the rated capacitance for the supercapacitor energy estimation. These approaches are designed based on the simple RC model or linear model of supercapacitors, which neglects the self-discharging of SCs. When SCs work in the electric charge redistribution stage, the SoE estimation accuracy of the existing methods will be degraded.
To characterize the self-discharging effect of SCs, a threebranch equivalent circuit model is employed in [15] , where the state of supercapacitor is estimated through the Kalman filter. It is verified with experiments that the three-branch equivalent circuit model shows a high fidelity of energy distribution for SCs. Similar SoC/SoE approaches are synthesized in [16] and [17] for SCs and batteries, where the proportionalintegral (PI) observer [18] , Luenberger observer [19] , slidingmode observer [20] , Kalman filtering method [15] , H infinity observer [21] are evaluated for the state estimation. In our previous paper [22] , a generalized extended state observer based on the three-branch equivalent circuit model is designed to counteract the modeling nonlinearity and disturbances, which can improve the SOC estimation accuracy for SCs. These studies assume that the model parameters are known and accurate. However, it is known that SCs suffer from the aging effect during the operation, which results in the increase of the equivalent-serial-resistance and the decrease of the equivalent capacitance. This implies that the SoE estimation based on the nominal parameters cannot be accurate when SCs suffer from significant aging degradations. Therefore, online parameter identification is crucial for the accurate SoE estimation.
Some identification methods have been proposed for supercapacitors in the literature, while most of them work in an offline manner [23] , [24] . The recursive least square (RLS) method is one of the most effective online parameter identification method for supercapacitors. The RLS algorithm has been widely applied to identify the parameters of the simple RC model [7] , [25] , [26] . However, the existing identification methods cannot be directly applied to the three-branch model of supercapacitors, partly due to the nonlinearity and large dimension of supercapacitor models. Thus, how to identify the parameters of the three-branch model of supercapacitors still remains to be addressed. In addition to model parameters, the accurate SoE estimation is dependent on the accurate observation of supercapacitor states. However, supercapacitors are intrinsically nonlinear and high-dimensional. Moreover, the supercapacitor dynamic behavior is inevitably affected by disturbances and model uncertainty in practice. In energy storage applications, supercapacitor packs consisting of many seriesconnected cells are subject to aggressive cycling, which will lead to significant voltage drops and power losses, which will deteriorate the model uncertainty. The straightforward solution is to consider the deviation factors into modeling [27] , [28] , but it brings a lot extra complexity. Hence, how to develop an estimation method that can counteract the modeling uncertainty and disturbances is critical for the accurate SoE estimation.
To address the above issues, in this paper, we propose an extended state observer to estimate the SoE of supercapacitors based on the three-branch supercapacitor model, where the model parameters are estimated online. The main contributions and approaches are summarized as follows.
Firstly, we identify the model parameters of the three-branch model using the RLS method. The supercapacitor high-order nonlinear model is converted to several linear sub-models, and the model parameters are identified with the RLS algorithm separately with less computations. Specifically, with the observed internal capacitor voltages by generalized extended state observer (GESO), the nonlinear supercapacitor model is decoupled as three linear ones, which makes it possible to employ the least square technique for the parameter identification. A modified recursive least squares (MRLS) method is designed to identify the threebranch model parameters online for the three decoupled linear models.
Secondly, to accurately observe the supercapacitor's states, the modeling uncertainty is counteracted by the model deviation compensation. Specifically, a generalized extended state observer is designed to observe the modeling error in real time. The error is then feedback as the model compensation to derive an accurate states of the three-branch equivalent circuit model.
Finally, with the observation of supercapacitor threebranch equivalent circuit model states and the online identified model parameters, the remaining energy is calculated by summing up the energy distributed in the three internal branch capacitors. Then, the SoE is computed as the ratio of currently stored energy to the maximum energy capacity. The proposed technique does not require specific tests to be performed in the field or before the device is deployed. Furthermore, the model identification process and the SoE estimation process are fully decoupled to avoid the possible cross interference, which improves the accuracy and numerical stability of each estimator independently. Extensive experiments are conducted to verify the accuracy of the proposed method.
The rest of this paper is organized as follows. Section 2 presents the main scheme of the proposed VOLUME 6, 2018 SoE estimation method. The GESO based SoE observer is designed in Section 3. Section 4 analyzes the online parameter identification for supercapacitor. Experimental results are presented and analyzed in Section 5. Finally, section 6 summarizes the conclusion.
II. THE PROPOSED SoE ESTIMATION SCHEME
A. MAIN SCHEME This section presents the main sketch of the proposed SoE estimation scheme. The key step for precise SoE estimation lies in the accurate internal capacitor voltage observation and online model parameter identification. The internal states are observed by GESO, and model parameters are derived with a proposed parameter identification scheme. The structure of the proposed online identified model based supercapacitor SoE estimation is depicted in Fig. 1 . The block diagram is mainly composed of three parts. First, observation of internal states by GESO. By taking the supercapacitor internal capacitor voltages as state variables, namely denoted as V 1 , V 2 , V 3 , the nonlinear mathematical model is established based on the supercapacitor three-branch model. A GESO is then designed to correct the modeling uncertainty, and as a result, the estimated states are acquired, denoted asV 1 ,V 2 ,V 3 .
Second, online parameter identification. The observed states are then regarded as intermediate variables that decouple the high order supercapacitor nonlinear model into three low order linear ones, which make the nonlinear model parameter identification into three simple linear fitting problems. And this is solved by a designed adaptive forgetting factor based modified recursive least square method. The identified model parameters are feedback to GESO and SoE calculation to update estimation accuracy.
Third, SoE estimation. With the observed internal capacitor voltages and identified model parameters, SoE is derived with the ratio of stored energy and the maximum energy.
B. SUPERCAPACITOR MODELING
In order to derive SoE, equivalent circuit model of supercapacitor is needed to construct according to the internal and external characteristics. Supercapacitor is intrinsically nonlinear with its capacitance C sc ascends as the voltage increases [29] . It also has a slow phenomenon, such as charge redistribution and self-discharge, which means a slow terminal voltage decline and leakage current as well. As shown in Fig. 2 , supercapacitor three-branch equivalent circuit model is divided into three capacitorĺCresistor branches and a leakage resistor branch, each branch has its own time constant, which varies from second to ten-minute level. In Fig. 2 , the three branch voltages are denoted as V 1 , V 2 , V 3 , which are the key internal variables to be observed to derive SoE. f 1 , f 2 , f 3 represent the disturbances, which is caused by modeling uncertainty and parameter variation, that imposed on V 1 , V 2 , V 3 respectively.
According to Kirchhoff circuit laws in Fig. 2 , we have
where τ n is the time constant of each branch, namely,
The leakage current is very small due to a very large R leak . For calculation convenience, the leakage current is reasonably omitted here to get that i 1 
With the substitution of (1), the output equation is derived. And then substitute V 1 , V 2 , V 3 of (2) 
The disturbance of each branch denoted in Fig. 2 , namely f 1 , f 2 , f 3 , are replaced as voltage disturbance b di ·ṽ (1, 2, 3), which represent the weighting voltage fluctuation imposed on each branch. Supercapacitor model is strongly nonlinear, because τ 1 lies in the denominator, which is dependent on V 1 .
The model parameters vary with temperature and aging condition. Theoretically, an accurate supercapacitor contains many RC branches, and three-branch model is just a simplified equivalent circuit model to facilitate control design. In a word, there is always model deviation in established model compared to the physical supercapacitor, which results in an inaccurate internal voltages. In the following section, a GESO is designed to observe model deviation and thus to get an accurate observation.
C. SoE CALCULATION
SoE is defined as the remaining available energy in percentage. For the supercapacitor three-branch equivalent model as depicted in Fig. 2 , the remaining electric energy is stored in three branch capacitors. Based on the fundamental electrical laws E = CVdV for a given capacitor C, and with the estimated voltages of three branch capacitorsV n (n = 1, 2, 3), the stored energy E is calculated as
The maximum energy (E max ) stored in a supercapacitor is derived whenV n (n = 1, 2, 3) equals rated voltage V rate . Therefore, SoE is computed as the ratio of remaining energy to maximum energy, as in (5) .
Precise SoE estimation relies on the accurate observation of internal branch voltages (V 1 ,V 2 ,V 3 ) as well as the identification of model parameters (C 0 , C v , C 2 , C 3 ). Details are given in the following sections.
III. GESO BASED SoE OBSERVER DESIGN
In this section, based on the established nonlinear threebranch dynamic model of supercapacitor, a GESO is designed with an estimation deviation compensation for the observation of internal branch voltages (V 1 ,V 2 ,V 3 ).
In this part, a GESO is designed to observe disturbances, based on which, a compensation control law is designed feedback to mathematical model to eliminate modeling error in real time. With the corrected accurate model, the internal voltage is obtained to compute the accurate SoE.
A. DESIGN OF GESO
In the GESO design of this paper, the total disturbances are composed of model uncertainty and various disturbances, which is regarded as the extended state to be estimated. It should be noted that the unknown voltage disturbances do not just denote voltage disturbances, and it is a representation of model inaccuracy, which is caused by various disturbances and model uncertainty. Therefore,ṽ can be treated as ąřtotal disturbancesąś [30] . At this point,ṽ is denoted as an additional state variable, V 4 =ṽ. In addition, we defineV = h n (V n , t, ω n (t)) and use an abbreviation h n for convenience. h n is unknown and there exist a Lipschitz constant K m , such that h n ≤ K m . This is reasonable in real practice, because the internal voltage of supercapacitor varies very slowly. So, the extended system of (3) is then described as
GESO is invented for nonlinear system and can even be applied for non-observable dynamics [31] . Based on the extended system (6), GESO for dynamics (3) is designed as
is defined as the observation output error. The variableŝ V 1 ,V 2 ,V 3 in (7) are the estimated value of V 1 , V 2 , V 3 respectively.Û c is the estimated output voltage, and U c is the measured terminal voltage. β, β 4 are observer gains to be designed, which have a wide adjusting range for tuning. u 1 , u 2 , u 3 are input variables for each branch model, and conventionally are set equal to input current i c . But when we consider observer compensation, the three input variables need to be redesigned. u 4 is always set equal to input current, namely, u 4 = i c . fal(·) is a nonlinear feedback function to guarantee a quick convergence rate and small convergence error, and an effective choice, according to [25] , is given as follows
where r rs , δ denote error input and error margin respectively. The nonlinear feedback function fal(r sc ) guarantees a fast convergence and high precision for GESO. VOLUME 6, 2018
B. COMPENSATION CONTROL LAW DESIGN
In GESO (7), the input for every branch is multiplied by a weighted factor. The combination can be interpreted as different impact on each branch that imposed by the input current.
The model uncertainty, model parameters variation and external disturbances exert its influences on every branch voltage, which made the observer deviate expectation. To counteract the side effect, the input needs to involve an extra compensation term. The deviation gain is then set as k dn = b dn R /τ n (n = 1, 2, 3), namely the ratio of deviation to input current. Then, the compensation control law for every branch is designed as (9) , and the compensated input is given as (10) .
To clearly present the principle and process of the GESO based supercapacitor SoE estimation, a framework diagram is depicted in Fig. 3 . Through regulating β n (n = 1, 2, 3) appropriately, the state of GESO, namelyV n in (7) can be considered as the approximation to the corresponding states V n in (6) respectively, i.e.,V n → V n , and thus achieve convergence for GESO. 
IV. SUPERCAPACITOR ONLINE PARAMETER IDENTIFICATION
There are seven parameters that need to be identified for the established three-branch nonlinear model. The nonlinearity hinders the use of RLS, and the 7th dimension identification means a large amount of computation. In this section, the observed internal capacitor voltages are used to decouple the nonlinear identification model to three linear sub-models. A modified RLS (MRLS) is designed to identify sub-model parameters separately with small calculation effort.
According to Kirchhoff voltage law and charge conservation law, the dynamics of the first branch is described as
Where I 1 is the first branch current and can be easily calculated with Eq.(1). Precise state space system discretization method is computationally costly, so, an approximate discretization method is adopted here to cater for easy computation. With sampling period T c , Eq.(11b) is discretized as
where V 1,k denotes the value of V 1 at time t k = kT c . Basically, there is discretization error between (11b) and (12), but it can be very tiny when the sampling period T c is chosen to be relatively small. And it should be noted that the small discretization error here will be eliminated in fitting by least squares. Similarly, we get the dynamics Eq. (12) at time t k−1 = (k − 1)T c . By conducting subtraction for the dynamics at time t k and t k−1 , the difference equation Eq.(13b) is derived. With the same sampling period T c to discretize Eq.(11a), we obtain Eq.(13a).
where
is the first branch current I 1 at time t k ; e 1,k , e 2,k denotes the model uncertainty caused by approximate discretization. The error term e 1,k , e 2,k is small enough to be negligible when a sufficiently small sampling period T c is chosen, and the remaining small deviation will be eliminated by RLS fitting. It should be noted that the Eq.(13a,13b) is formulated with very easy operation, and completely avoid the problem of integral saturation. Eq.(13a,13b) can be rewritten in a regression form as
T
As shown in Eq. (14), the first branch is constructed as a linear model, the model input x 1,k and output y 1,k are composed of measured current, terminal voltage and the observed internal state. The RLS is commonly used to solve the regression model characterized by Eq. (14) . However, the standard RLS may suffer from wind-up if the model parameters change with different rates. In this regard, a large forgetting factor should be assigned to the parameters that change slowly to guarantee the stability, and a small forgetting factor is more appropriate for the tracking of fast varying parameters. In seeking to address this problem, a modified adaptive forgetting factor RLS (MRLS) for identification is designed as
where λ, γ are vectors. λ min is the minimum value of λ, namely, λ ∈ [λ min , 1]; γ is the horizontal scale factor, ε is the priori error. The detailed procedures of the proposed MRLS based parameter identification method for three-branch supercapacitor model is presented in Fig. 4 . For the first branch parameters identification, the notation I is a 3 dimensional unit diagonal matrix. λ, γ are 3 dimensional vectors. Once the regression model is solved, the model parameters R 1 , C 0 , C v are identified. 
B. IDENTIFICATION FOR R
The second and third branch are both composed of a resistor and capacitor. As the aforementioned analysis, the two branches can be decoupled separately from the nonlinear supercapacitor model with the observed states. As an example, the parameter identification for the second branch is presented in this section.
According to Kirchhoff voltage law of the second branch, the dynamics is derived.
where V 2 (0) is the initial voltage of C 2 , t is the total running time. i 2 is the second branch current. The discrete dynamics at time k is derived as (17) with sampling period T c .
Similarly, the discrete dynamics at time t k−1 can be easily derived. By conducting subtraction for the dynamics at time t k and t k−1 , we get the difference equation Eq. (18) .
where (19) can be rewritten in a regression form as
T . Now, the linear identification model for the second branch is obtained. Compared with Eq.(16), no initial value or integral calculation is required in Eq. (19) . As analyzed in previous section, the parameters θ 2 can be identified by adopting MRLS as presented in Fig. 4 , where λ, γ are 2 dimensional variables and the notation I a two dimensional unit diagonal matrix.
The same analysis can be applied to identify R 3 , C 3 , because the third branch share the same structure as the second branch. So, referring to Eq.(19), the identification model for the third branch can be correspondingly described as
with
T . Then parameters θ 3 can be identified by adopting MRLS as listed in Fig. 4 analogously with the identification of θ 2 .
With the observed three branch capacitor voltagesV 1 , V 2 ,V 3 and the identified capacitance C 0 , C v , C 2 , C 3 , C eq , by calculating the ratio of the currently stored energy to the energy storage capacity according to Eq.(5), SoE is derived in real-time.
V. EXPERIMETAL VALIDATION
In this section, we evaluate the performance of the proposed SoE estimation method with experiment results. We first introduce the experiment setup of the system, and then we conduct the experiments and compare the performance of the proposed method with the existing method. VOLUME 6, 2018
A. HARDWARE SETUP
A test platform is established as shown in Fig. 5 . It comprises a buck converter, a controller DSP-TMS320F2808, a programmable DC power source, an electronic load, a Maxwell supercapacitor with capacitance 150F and rated voltage 2.7V. The ambient temperature is controlled at 16.5±1 • C throughout the experiments. The DC power source supplies the charging current for the supercapacitor through the buck converter, the TMS320f2808 micro-processor measures the charging current and voltage of the supercapacitors, and estimate the supercapacitor parameters in real time. Then, the estimated parameters are used in the GESO to estimate the SoE of the supercapacitor. 
C. CASE STUDY
In order to provide a fair comparison with the existing method, we conduct the experiments with different charging profiles based on the charging current I c and initial voltage U init , which are introduced as follows:
• Case A: U init = 0V and I c = 1A;
• Case B: U init = 0.5V and I c = 1A;
• Case C: U init = 0V and I c = 5A.
• Case D: U init = 0V and I c dynamically change. The charging profiles of Case A-D are shown in Fig. 6 . In Case A-C, the supercapacitor cell is charged with the constant current. When the cell is fully charged to the rated voltage, the charging is terminated and the charging current decreases to zero immediately. In Case D, the cell is charged with a dynamic charging current. When the cell is fully charged to the rated voltage, the charging current becomes negative, i.e., the cell is discharged through the load.
We evaluate the estimation accuracy of the proposed SoE estimation method in terms of relative estimation error, which is defined as
where E obs is the estimated energy, E real is the real stored energy. The real stored energy is computed as E real = E in + E init −E loss , where E init is the initial energy, E in = ∫ U c · I c dt is the input energy, E loss = 3 i=1 (∫ I 2 i R i dt) denotes the energy that is consumed in internal resistors R i .
D. EXPERIMENTAL RESULTS

1) PARAMETER IDENTIFICATION
The online parameter identification for the supercapacitor three-branch model in the four cases is depicted in Fig. 7 and Fig. 8 , respectively. Specifically, Fig. 7 depicts the parameter identification process in Case A-C, i.e., constant-current charging conditions. As shown in Fig. 7 , the model parameters converge to the reference value within 5 s. The fast convergence rate is due to an adaptive tuned forgetting factor, which is relatively small at the startup stage to speed up the convergence speed. Fig. 8 shows the parameter identification for the supercapacitor three-branch model in Case D, i.e., the dynamic charging current condition. It can be found that when the supercapacitor suffers from a continuous charging/discharging current, the parameters fluctuates around the reference value within ±5% relative error range.
The average values of the parameter identification results in Case A-D are summarized in Table 1 . The relative estimation errors are within 4% in Case A-D, indicating a high fidelity of the identified model parameters. Then, the estimated parameters are used in the design of the GESO to estimate the SoE of the supercapacitor. 
2) SoE ESTIMATION
We compare the performance of the proposed SoE estimation method with that of the traditional method provided in [13] . In the traditional SoE estimation method, the classical RC equivalent circuit model is adopted and the RLS algorithm is employed to estimate the circuit parameters. The SoE is calculated directly based on its mathematical expression (5). Fig. 9 that when the charging/discharging current is relatively large, the proposed method and traditional method share the similar SoE profiles. However, when the charging current is zero or very small, the proposed method provides a better estimation accuracy than the traditional method. Specifically, for the constant charging cases, it is observed from Fig. 9 (a)(b)(c) that SoE decreases gradually during the redistribution stage. The SoE decrease is more apparent in Fig. 9 (c) where the charging current is relatively large. Specifically, the SoE for the first three cases are 91.12%, 91.34%, and 78.42% when terminal voltage is charged to 2.7 V, and finally converge to 89.51%, 90.02%, and 71.54% after charge redistribution. The reason for the SoE decrease is that the charge redistribution stage will cause energy loss in internal resistors. In the traditional method, however, the SoE keeps constant since the charge redistribution is ignored in the supercapacitor modeling. Fig. 9(d) further shows that, in the dynamic charging current condition, the SoE deviation between the proposed method and the traditional method gets larger. The SoE estimation errors are shown in Fig. 10 . For the proposed method, it is observed that the SoE are initialized with large relative errors of 4.56%, -5.02%, 4.08%, and -2.37% for Case A-D, respectively. When the algorithm converges, the estimation errors are smaller than 3% for constant charging cases (Case A-C) and 5% for dynamical changing current (Case D). Specifically, for Case A-C, the steady estimation errors after redistribution are 2.43%, 2.09%, and 1.51%, respectively. The mean absolute error is observed to be 2.11%, 1.95%, and 1.60%, which are sufficiently small with regard to the online estimation. In the traditional method, however, the estimation is enlarged during charge redistribution stage, which are 5.28%, 6.10%, 10.09%, and 8.03% for the four cases, respectively. The maximum estimation error even exceed 13% in Fig. 10(d) . Moreover, the traditional method has a longer convergence time than the proposed method.
Through a constant-current discharging test, the stored energy of the cell during the charging stage for the four cases are computed as 501.05 J, 504.21 J, 405.64 J, and 349.88J; the corresponding real SoE is computed as 87.42%, 88.18%, 70.82%, and 61.09%. The comparison for the estimated energy and SoE with the real value are depicted as histogram in Fig. 11 and Fig. 12 , respectively. According to (21) , the SoE estimation errors are 2.40%, 2.09%, 1.01%, -1.05%, which are small and consistent with the steady estimation error derived by the online evaluation. As listed in Table 2 , the SoE errors between the online estimations and the real value are 5.12%, 5.17%, 9.55%, and 8.96% for the four cases, which further show the proposed method can improve the SoE estimation accuracy than the traditional method.
VI. CONCLUSION
In this paper, a generalized extended state observer is designed to estimate the state of energy based on the supercapacitor three-branch model. The nonlinear supercapacitor model is converted as three linear submodels. The model parameters are online identified by a modified recursive least square method. A novel SoE estimation method is proposed with the accurately identified model parameters. The extensive experimental results show a high parameter identification accuracy with a relative error less than 5%, and also reveal a high accuracy for the proposed SoE estimation method in different practical charging conditions.
